to a broad spectrum of organic wastes. Co-occurrences were evaluated using the Normalized Pointwise Mutual Information measure to locate terms which co-occur more frequently than would be expected by chance. Through the use of detailed lists of organic wastes and TAPs, the cooccurrence method mapped out 7118 unique intersections between 473 specific wastes and 228 TAPs. This technique enables us to find seemingly non-obvious valorization pathways such as the re-use of oyster shells as catalysts for biodiesel production and bioplastic production from brewery waste. While a proof-of-concept, this work points the way for using Big Data to suggest novel pathways for implementing the Circular Economy.
Introduction
Many regions and nations see the development of the biobased economy as a strategic step in dealing with rapid depletion of many (especially fossil based) resources, increasing environmental pressures and climate change [1] [2] [3] . Understanding potential bio-based economy developments will be key in furthering implementation and innovation in parallel with sustainability strategies. Traditionally, the bio-based economy includes primary production industries, such as forestry, fisheries, aquaculture, agriculture, and industries utilizing biological resources, such as paper and food industries. Increasingly the pharmaceutical and chemical industries have been integrated into the bio-based economy through the increased use of biobased raw materials. Additionally, the waste management industry has been building up its presence in the bio-based Abstract Research on value pathways for organic wastes has been steadily increasing in recent decades. There have been few considerably broad overview studies of such materials and their valuation potential in the bio-based economy in part because of the vast multitude of materials and processes that can be used to produce energy carriers, chemicals, and materials of value. This article explores how automated data analysis approaches can help in analyzing large bodies of text to distill and present potential value pathways for secondary (waste) bio-based materials. The study employed multiple methods (literature collection, topic modelling, and co-occurrence analysis) on a collection of abstracts from 53,292 academic articles covering technologies, applications, and products (TAPs) for bio-based wastes. The results of both the topic modelling and co-occurrence analysis are presented as online interactive web pages. The topic modelling presented an overview of research clusters related to secondary organic resources, processes, and disciplines. The co-occurrence analysis helped to understand which TAPs are researched in relation Electronic supplementary material The online version of this article (doi:10.1007/s12649-017-9975-0) contains supplementary material, which is available to authorized users. economy via valuation of secondary (waste) resources such as food waste, agricultural waste, nutrient rich sludge, and ashes.
As shown in Fig. 1 , products from the bio-based economy range in value and market size. For example, pharmaceuticals and fine chemicals tend to have high value with lower market sizes, while food, feed, performance materials, and fertilizers tend to have lower values with relatively larger market sizes. Finally, the production of biofuels, electricity, and heat normally has the lowest per-weight value in relation to other bio-based economy products. In order to strategically grow valuable and competitive biobased economies, system solutions for innovatively cascading and cycling material and value via several interconnected processes will be required. Such innovative systems solutions can be supported by, among other things, making use of dense knowledge in regards to bio-based material streams and potential processing pathways.
Aim and Objectives
How could someone (a researcher, a waste management developer, a market analyst, etc.) entering the field of the bio-based economy begin to assess the main topics, emerging technologies, or portfolio of potentially undervalued materials in this especially broad topic? In this article, we see our main problem owner as being a waste management development professional who has to "matchmake" between a large number of diverse bio-wastes and potential value pathways. Specifically, this is a problem of reducing a large permutation space of potential combinations of wastes and value pathways, without excluding novel unexpected combinations that may lead to new valorization opportunities. By some estimates 1 , the amount of potentially relevant literature is doubling roughly every 5 years, and assuming that this trend continues, it will become more difficult to effectively process this information without some sort of automated assistance.
There are a few meta-studies of valuation processes available to secondary organic resources [6] [7] [8] [9] . While these studies are quite useful in their detail, they are far from comprehensive, often focusing on certain types of secondary resources such as food waste, sludge and effluents, agricultural wastes, etc. In the waste management sector much of the development of processes for bio-materials has focused on robust (take all) processes which create commodities on the low value end of bio-based product scalesuch as fertilizers via composting [10] , fuels via digestion [11] , and heat and energy through combustion.
This article aims to test automated methods for analyzing the increasing amount of knowledge being communicated through scientific literature related to valuation pathways for organic wastes. In line with these aims, this study specifically looks to the following objectives:
1. Describe, apply and evaluate specific methods for providing an overview of large amounts of scientific literature in the subject area of interest, 2. Distinguish prominent topics within waste and resource management of organic materials, 3. Present a broad range of valuation pathways for organic waste material, 4. Make non-copyrighted data openly available for utilization and further development.
Methods
As the analysis involved a very large volume of text, several methods were employed to be able to summarize the text and highlight patterns of potential interest. In analyzing the literature, we aimed to gain a high level overview of macrotrends, while also being able to pinpoint micro-trends that may not be widespread yet, but illustrate interesting directions with regard to how organic waste is processed. In general, we are interested in identifying the general topics being discussed and then performing a more fine-grained analysis about the entities involved. In particular, we were looking for interesting combinations of entities (e.g. "oyster shells" as a catalyst for "biodiesel" production) which may indicate new pathways being explored in the bio-economy. 
Topic Modelling
This study employed topic modelling [12] as both a way to refine the literature search terms as well as to address the objective of "distinguishing prominent topics" in the collected literature. Topic modelling is a means of identifying the dominant themes that occur across a collection of documents. The topics are not predetermined by a user, but rather are based on statistical patterns of words that commonly co-occur. The advantage of this is that it allows for grouping the abstracts together based on their contents instead of the biases of those examining the text. For example, if one were to ask a group of researchers to read the same set of literature and describe what they thought were the dominant topics, their answers would likely differ based on their own interests and background knowledge.
A key value of topic modelling is that it aids in providing a map of what literature has been collected. In early stages of analysis, we noticed a topic involving "organic Rankine cycle" and "waste heat", which was not relevant for the analysis (as these terms describe a thermodynamic cycle that is suitable for low-grade waste heat). However, we later realized that our search terms at the time were matching these words exactly as we were looking for terms such as "organic" and "waste". This process of topic modelling the search results allowed us to improve our collection of abstracts by quickly scanning to see if the topics we expected to see were included, and refine our search terms when topics undesirable for further analysis were identified.
The number of topics is specified by the user, and conceptually this is similar to k-means clustering [13] , where users specify how many clusters to find, and while a certain cluster does not necessarily have a specific meaning, objects within that cluster will statistically have a degree of similarity. In general, specifying a small number of topics would indicate general clusters of themes, while a large number of topics would likely distinguish between sub-themes such as ethanol from maize and cellulosic ethanol.
The particular algorithm used for this analysis was Latent Dirichlet Allocation (LDA) [12] . We used the software implementation of this algorithm provided by the MAchine Learning for LanguagE Toolkit (MALLET) [14] . There are several outputs of the software which allow us to characterize the literature collected. First, for every document there is a vector with 50 elements, each corresponding to a topic number, and indicating the document's relevance within each of them. By examining the elements of this vector, one can see the degrees to which a document may actually be discussing multiple topics. Secondly, for every topic, there is a vector of words and their weights within that topic. These word weights are used when characterizing a document's relevance to a particular topic. For example, a document may contain a single heavily weighted word, or a combination of lower weighted words.
The output of MALLET is a set of matrices which are not easy to interpret on their own. To expose the results in a more user-friendly way, we visualize them with the dfrbrowser library 3 for R. The dfr-browser library creates an interactive online visualization that allows one to pivot around different analysis results of the topics, documents and words in a way that helps to show the statistical relations between them. For example, one can see an overview of topics showing their top-weighted words. Per topic, one can find the most relevant documents sorted by score. Per word, one can also see which topics it is prevalent in, which can indicate different contexts for the word. For example, "soil" may occur in topics mentioning actual soil studies, while also appearing in other topics where it is more incidental, such as plant growth.
Co-occurrence Analysis of Terms
To examine the content of the abstracts in more detail, and to address our third objective to "Identify a broad range of processes utilized for secondary waste material valuation in academic literature", co-occurrence analysis of entities was performed as illustrated in Fig. 2 . Put simply, this process analyzed which types of wastes were mentioned in the literature along with certain types of technologies, applications or final products (TAPs). To achieve this, three steps were required: (a) create a robust list of TAPs, (b) create 1 3 a sufficiently detailed list of wastes, (c) scan academic literature, recording which wastes and TAPs are mentioned in which documents, and (d) analyze and present statistics on the co-occurrence of terms from these lists in the collected literature.
A motivation for this approach is that it is not unusual for researchers to search academic databases for cooccurrences of wastes and TAPs in order to find literature showing how a particular waste can be utilized (e.g. "fish fat" and "biodiesel"). Our goal in co-occurrence analysis is to offer an alternative to performing one search at a time by hand. Instead, using the co-occurrence analysis approach we can scan a large body of literature for a variety of wastes and TAPs, and perform statistical analysis to highlight combinations which could be useful for researchers or practitioners seeking options for processing wastes.
We use two different strategies to scan academic literature for mentions of TAPs and wastes. For these tasks in general, we needed to have a list of terms to match, a way to match variants of those terms (e.g. plural and singular forms, synonyms, differing adjectives, etc.), and finally a way to match term variants into a single "preferred" version useful for later analysis. The literature we collected contains over 16 million words comprising the titles, keywords and abstracts. A system for term location which is as automated as possible was desired, although as described below, this is not completely possible in particular for the waste terms. Fig. 2 The process of the co-occurrence analysis performed in this study. The academic literature sources to be analyzed are read in at the top. The left and right side show the different approaches used to scan for mentions of wastes and TAPs in that literature. At the bottom, the co-occurrence analysis results for wastes and TAPs found in academic literature are visualized using different techniques described later in this article
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We should emphasize that the lists of wastes and TAPs which we used to find terms of interest are not meant to be exhaustive or authoritative, but rather comprehensive and broad enough to demonstrate the value of our approach. The system we have can automatically regenerate the analysis once better expert-curated lists are created.
Filtering for TAPs
Creating a list to capture TAPs of interest was difficult as there is not a standard classification 4 that we can use, especially one that can be easily linked to the entities that have been extracted. For this analysis, as shown in Appendix A.3, we compiled a list of 85 Wikipedia categories covering a range of topics in the bio-economy, then created a list of all the article titles within those categories (779 total), and finally filtered this by hand down to a list of 112 article titles which represented an inventory of energy, products, chemicals, processes, and agricultural terms. Furthermore, we amended the list by a incorporating a literature review of chemicals mentioned as being promising to focus on within the bio-economy [15] .
There are three reasons for using titles of Wikipedia articles to compile this list. First, it gave us a basis to build a sufficiently comprehensive list to demonstrate our approach. Secondly, Wikipedia article URLs (titles) essentially function as unique identifiers, as every distinct concept should only have one Wikipedia article present for it. To be clear, in our analysis we are not using any of the actual content of Wikipedia articles, but rather simpley the titles themselves. The only content we analyze is sourced from academic literature. While people are naturally skeptical of the quality of Wikipedia, one can argue that it is at least extremely comprehensive, with currently 5.4 million articles as of the time of writing. Finally, this approach allowed us to the DBpedia Spotlight service [16] to automate the process of locating terms of interest found in the abstracts. A more detailed discussion of using DBpedia Spotlight for this purpose is given in Appendix A.4.
Through the DBpedia Spotlight analysis, we can determine for every academic article abstract analyzed, which terms are present which have corresponding Wikipedia titles. Therefore, in an efficient manner we get a very broad scan that allows us to know if an abstract contains terms related to chemicals, organisms, place names, etc. For our analysis we needed to further filter the set of Wikipedia articles found per abstract, and only keep those mentioned in the list of TAPs compiled for the study.
Filtering for Wastes
For locating detailed waste terms in the abstracts, DBpedia Spotlight is not suitable, as Wikipedia does not have article titles at the level of detail that we would like to analyze. Existing waste classifications such as the European List of Waste (LoW) 5 are not suitable either as they are too aggregated.
To enable scanning for detailed waste terms, we first created two lists: one for "waste sources", and one for "waste descriptors". As shown in Appendix A.3, the "waste sources" list contains 189 items or locations from which the wastes are produced (e.g. apple, aquaculture, banana, etc.). The "waste descriptors" list contains 156 various forms of waste (e.g. ash, pomace, peel, etc.). These two lists were initially populated using the biomass waste terms mentioned in the ECN Phyllis database [17] and were expanded to include synonyms and other wastes or sources of interest. In scanning for waste terms, we looked for series of terms that contained matches from both lists (e.g. apple + peel, core, pomace, etc.). After locating the terms in the abstracts, we also had to do extensive de-duplication in order to standardize the waste terms as much as possible for later analysis. For example, through this strategy, we were able to successfully locate the terms cow manure, cow excreta, cattle dung, bovine manure and dairy cow feces in the abstracts, but we needed to take an extra step to group these variants into a single "preferred" term.
It is possible that the final list of wastes documented in Appendix A.3.3, may be one of the most extensive lists of organic waste compiled. To compare, the European Waste Catalog (EWC) lists a total of 90 wastes within its 02, 03, and 04 categories 6 , which cover agriculture, forestry, food processing, wood processing, and the textile industries among many others. Data analysis utilizing such lists can be problematic as the waste entities in the EWC and similar lists are often very vague such as:
• 02 06 01-Materials unsuitable for consumption or processing, • 02 01 03-Plant-tissue waste, • 02 01 01-Sludges from washing and cleaning, • 03 03 01-Waste bark and wood, • 04 02 10-Organic matter from natural products (for example grease, wax), • 04 02 99-Wastes not otherwise specified.
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Co-occurrence Analysis and Visualization
One strategy for analyzing co-occurring terms would be to count how often two terms appear together in all documents. A drawback of this approach is that it would likely only highlight common knowledge or combinations that are already well known and appear in a large number of documents. To get around this issue, we used a different strategy, which was to calculate the Normalized Pointwise Mutual Information (NPMI) of co-occurring terms [18] . The Pointwise Mutual Information is a statistical measure that evaluates whether two terms co-occur more often than would be expected by chance, which thus indicates that there may be some special relation between them. As seen in Eq. 1, it is the ratio of the probability that two terms occur together in a document, divided by the probability that they occur in a document (independent of whether the other is present). The probabilities are based on actual observations. In other words, a value of p(x, y) = 0.1 means that the terms x and y are observed to co-occur together in 10% of all the documents collected. The NPMI (Eq. 2) was used to then normalize the PMI scores to between −1 and 1.
Pointwise Mutual Information (PMI), Normalized Pointwise Mutual Information (NPMI) as derived from PMI.
After scanning for terms in all the abstracts, observations on the occurrence of TAPs and wastes per abstract were then used to compute NPMI scores for each co-occurrence of a waste and a TAP. A NPMI value of 1 means that the terms always co-occur, 0 means that they are independent of each other, and -1 means that terms never co-occur.
As with the topic modelling, this step generated a large amount of data which in its raw form was not easily interpretable. To help with this, we created an interactive visualization, which can be viewed at https://is.gd/wastecircle, that employed the following strategies. First, wastes and TAPs were arranged in a circle with connecting lines showing co-occurrences that have a NPMI value above the threshold. As detailed in the results, in the literature we were able to locate over 473 specific wastes. To prevent the visualization from becoming too cluttered, we grouped the wastes by their waste sources (e.g. "apple pomace" and "apple peel" show up as "apple"). When someone places their mouse over a term like "apple", a secondary visualization is shown to give a more detailed view of the specific waste terms and their linkages with TAPs. Then the user
can highlight a combination of a specific waste term and a TAP to see links to the actual literature sources mentioning that combination. This helps users to verify for themselves the exact nature of this co-occurrences and if it is interesting for their purposes.
To further unclutter the circle visualization, we grouped together similar wastes and TAPs along the circumference of the circle. given the categories shown in Appendices A.3.3 and A.2.2. For the TAPs, the categories largely correspond to those found in a literature review by [15] , with categories for terms not in that review filled in by hand.
The final circle visualization employed hierarchical edge bundling [19] using an implementation created with the d3.js JavaScript library 7 , which we extended to include the more detailed network visualization and to also show the links to literature mentioning the co-occurrences.
Since the co-occurrence analysis results are extensive and difficult to visualize within a single image, we have also created a series of matrices, introduced in "Cooccurrence Analysis Results", showing the NPMI values between TAPs (on rows) and wastes (on columns). As an additional step, we have also applied hierarchical clustering to the rows and columns in these matrices. This clustering serves to re-order the matrix so that rows and columns with similar values are located near each other. In practice, this gives an indication of similarity of wastes and TAPs. For wastes, this clustering may group together materials with similar properties that could serve as substitutes in a particular value pathway. For TAPs, this clustering can indicate chemicals which are related to processes, or relations between products and processes (such as syngas and gasification).
Iterative Support Between Topic Modelling and Co-occurrence Analysis
These approaches are not meant to operate in isolation. As illustrated in Fig. 3 , we used the topic modelling results as a means of quickly evaluating if we had overtly irrelevant literature results, which meant that we had to adjust our Web of Science and Scopus search terms and re-download the results. The results of the topic modelling also gave insight into the types of wastes and TAPs that we could expect to see in the co-occurrence analysis. If we failed to see these wastes or TAPs, then this was an indication that the lists we used to scan the literature for terms was not complete enough and that they should then be complemented.
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Results
In this section we give an overview of the results of the literature collection, the topic modelling and the co-occurrence analysis. More detailed data and results of the topic modelling and co-occurrence analysis are made available online at http://github.org/isdata-org/mapping-the-bioeconomy. The static images included below give only a limited impression of the nature of the results. We highly recommend that readers view the resources we have placed online in order to get a much richer grasp of the value that is provided by the methods described.
Literature Collection Results
Through the application of the literature collection methodology, the title, abstract, and keywords from 53,292 articles were collected. Figure 4 gives an overview of the top 20 journals in terms of the number of articles, with a breakdown showing the number of articles found in Scopus and Web of Science, along with the number of duplicate articles found in both. Figure 5 shows the upswing in total articles per year in the collection. Figures 6 and 7 show the breakdown of the number of journals, books, and conference proceeding collections (6436 total unique), along with the overlap in articles (53,292 total unique).
Topic Modelling Results
The results of the topic modelling method give an overview of the various areas of focus found in the literature collection. Each topic is the result of an automated statistical analysis of collections of words that commonly appear together. Figure 8 presents two of the generated topics in the form of word clouds, where the size of the word represents the weight, or importance, of that word in that particular topic.
The word cloud on the left indicates that in the literature collected, there are numerous abstracts discussing biodiesel and methanol. The word cloud on the right indicates that we have also collected literature related to fibers and polymers, and that this topic also seems to be discussing the properties of these. In Fig. 9 , each circle represents a topic and the top six words for that topic are shown. 9 Exploring the complete interactive result of the topic modelling allows for a more in-depth overview of each topic, e.g. showing percent of publications belonging to the topic per year and providing links to the included abstracts. See Fig. 10 for a static view of a specific topic and see the visualization online 10 for the complete interactive topic modelling results.
While these topics should be familiar to researchers with experience in the bio-economy domain, the added value of this approach, which we will show later, is that we can drill-down within these topics to show the actual articles that are most representative of the topic.
Many of the topic clusters center on specific waste materials (such as manure or sludge), industries (pulp/paper, textiles, farming), new products (such as ethanol, compost and plant oils), treatment and valuation processes (such as digestion, incineration, microbial fuel cells, constructed wetlands and other various water treatments), or scientific methodologies and measures (such as simulation models, human toxicity, systems analysis, etc.). Therefore, in mirroring the extent of scientific investigations, the topic modelling shows us that our collection of documents addresses an area much broader than straightforward valuation pathways for undervalued resources. However, in reviewing the individual topics and bibliography of the literature collection, a good section of the documents are addressing the area we set out to capture. For example, looking more closely at top articles within Topic 10 ( Fig. 10) , one can see that the first two articles deal predominantly with primary raw material valuation, while the third and fourth articles are addressing valuation pathways for secondary materials.
While the topic modelling gives a broad overview of the collected literature (Objective B) and allows for structured explorations of this literature, it does not make the task of identifying a broad range of secondary material valuation pathways (Objective C) much simpler than manually reviewing the full bibliography. Topic modelling only provides a high level overview as it determines topics based on statistical regularities. It is not as useful in locating infrequent patterns representing novel information that may be of interest to researchers. In the next section, the results 
Co-occurrence Analysis Results
The co-occurrence analysis provides more detailed insight into the value pathways for secondary organic material from the literature collection. One limitation to be aware of with this approach is that it only examines the co-occurrence of terms in a document, and does not extract information on the nature of the relationship between terms. Because of this it does not effectively differentiate between input materials, process (helper) materials, and output materials. Therefore the material's place in the value chain has to be either inferred or identified by looking into the source literature mentioning the co-occurrence. This limitation can also be of value since it can identify combinations that researchers may not immediately think of (e.g. fish bones or oyster shells as catalysts for biodiesel production). Figure 11 gives an overview of the graphical user interface (GUI) for the co-occurrence analysis results. The full GUI can be explored at https://is.gd/wastecircle. The connections identified through the methodology are summarized in the large circle to the left. Here, waste materials have been grouped according to the waste source.
For example, coffee-bean residue, -bean skin, -fruit peel, -ground, -hull and -husk have all been grouped under coffee.
By placing the mouse pointer over one of the terms (the example in Point A of Fig. 11 is "coconut"), a list of more specific wastes and a list of co-occurring TAPs is presented (points B in Fig. 11 ). Here co-occurrences between wastes and TAPs are represented by dashed lines, where the width of the line represents the NPMI of the co-occurrence, thus giving an indication of how significant it may be. As shown, some wastes may share the same TAP and vice versa. In the Fig. 11 example, waste materials detailed under the first column of this section (B) include coconut-char, -chip, -coir, -fiber, -dreg, -dust, -leaf, -meal, and -shell. Fuel cell, gasification, humic acid, pesticide, arabinose, aquaculture, diesel fuel, and fish meal are among the many TAPs listed to the right of the coconut waste list. By selecting one specific waste (coconut char in Fig. 11 ) and one specific TAP (fuel cell in Fig. 11 ) a list of documents from the literature collection including these co-occurrences is given on the far right (point C). In the example shown, an article by Munnings et al. [20] from the International Journal of Hydrogen Energy is linked.
In exploring the circle on the left, TAPs have been roughly clustered together. For example liquid fuels from near the bottom of the value pyramid such as alcohol fuel, cellulosic ethanol, diesel fuel, ethanol fuel, fuel oil, gasoline, jet fuel, and methanol have been clustered. It should be noted that neither the TAP nor the waste clustering is perfect at this point, and while the clustering adds a level of structure for the GUI they should be viewed critically and not as definite.
As with waste materials, a user can select a TAP in the circle to explore co-occurrences with that TAP. For example, selecting succinic acid (a precursor to polymers, resins, and solvents) in the circle will give a list of wastes co-occurring with succinic acid in the literature collection. As no synonym database for TAPs is currently applied in the methodology only one TAP will be listed on the left column (point B). When selecting the TAP and the waste material of interest in the columns, one will again be presented with a list of articles documenting these co-occurrences in the literature collection.
The co-occurrence GUI can present a user with value pathways that are surprising, which the user may not have known to look for, such as:
• Producing PHA plastic from milk whey [21] , • The potential to co-digest paper pulp waste and algae sludge [22] , • The use of date palm leaf as a nitrate removing biofilter [23] , • The production of polylactic acid (PLA) from waste textile (jute) fibers [24] , • Oyster shells as a catalyst in biodiesel production [25] , • Bioplastic production from brewery waste [26] .
At the time of publishing, 473 specific wastes, and 228 TAPs are presented in the GUI. A total of 2421 unique co-occurrences are represented based on a cutoff value of NPMI ≥0.2. As would be expected, a review article has the most co-occurrences (24) and discusses applications of sugarcane bagasse [27] . A more comprehensive list of terms to scan for (e.g. including chemicals and organisms found via DBpedia Spotlight) would result in far more abstracts ending up in the final analysis.
As mentioned in "Co-occurrence Analysis and Visualization", the co-occurrence analysis results are also presented in the form of matrices showing the NPMI values between combinations of wastes and TAPs. One such example is shown in Fig. 12 for the example of poultry related wastes. Matrices for the rest of the wastes and TAPs, in addition to a link to the raw data in a spreadsheet, are available in Appendix A.6.
In Fig. 12 , "chicken litter" and "poultry bedding" are clustered next to each other, and these are indeed synonyms that were not identified as such in our original list of wastes. Some of the results for chicken feathers reflect those shown in a review of valorization options for keratinous materials [28] , which discusses how feathers can be used in fertilizer, animal feed, and in composites.
Discussion
The discussion is structured according to the procedural methodology. For each method (literature collection, topic modelling, and co-occurrence analysis) we begin by lending a discerning eye to the results of the respective method, then we turn our attention to the methods themselves. Subsequently, we take a step back to analyze the process as a whole in the context of encouraging the growth of the biobased economy (particularly with our focus on secondary organic resources), before addressing potentials for further research and activities in the area.
Discussion of the Literature Collection Results
While topic modelling and co-occurrence analysis were used to review and analyze the literature collection in detail, the literature collection in itself presented interesting results. This study shows that there has been a lot of academic activity in the focus area during the last two decades. The amount of literature published in the study is steadily increasing from year to year (especially since 2002), as is the case in many research areas [29] .
Looking at Fig. 4 , it is notable that research areas outside of traditional waste management are leading in collected article count. Journals such as Water Science and Technology, Bioresource Technology, and Water Research lead in total number of articles 11 (of the total 6436 journals and proceedings). Journals focusing on wastes and by-products specifically, e.g. Waste Management and Waste Management and Research, are positioned lower in the rankings with 3-9 times fewer articles collected than the six leading sources. The reasoning behind these numbers can be attributed to in part to 1) the total amount of literature a journal has published, and 2) the specific methods that databases such as Scopus and Web of Science use to retrieve their search results.
Addressing the first issue, additional analysis of the source journals is presented in Table 1 . It can be seen that the top six journals had more total articles in our 20 year period (from ca 11,000 to 24,000 total articles), while Waste Management and Waste Management and Research had fewer total articles (ca 3700 and 1800 respectively). Addressing the second issue, it was found that while Web of Science searches for exact matches to search terms in the title, abstract, and keywords; Scopus will return matches that are part of a word in the title, abstract, keywords, and indexed keywords. Upon deeper investigation, this resulted in words such as "wastewater" matching the search term "waste" in our search string. This further explains the prominence of journals such as Water Science and Technology and Water Research in the collection. However, via topic modelling, it was concluded that the inclusion of wastewater research did not adversely impact the source material to be analyzed via co-occurrence analysis. Indeed much of this material is still inside our broad target area of valuation and treatment of organic wastes and by-products.
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Discussion of the Literature Collection Method
The method used to collect literature from Web of Science and Scopus was useful in gathering large amounts of research literature in a relatively short amount of time. In future studies it should prove beneficial to consider other collection methods and expanded literature sources.
Other collection methods could improve the depth and breadth of literature surveyed as well as simplify the collection approach. In this study, tools available to typical university personnel were employed. It was later uncovered that some university libraries have more sophisticated connections to Web of Science, Scopus, ScienceDirect, etc. (such as full database downloads), that would allow for collecting more than 500 abstracts per batch (2000 per year) as well as allowing for batch downloading of full documents (not just title, keywords, authors, and abstract). Making use of such resources would exponentially increase the amount of information available to analyze via topic modelling and co-occurrence analysis methods.
Additional literature sources outside academic databases could also complement a meta-study of potential valuation processes and materials. The inclusion of industry journals such as Waste Management World or food and agribusiness trade journals could balance out the gap between research and industry application and innovation. Other sources such as grey literature search engines 12 , patent databases or online case study repositories could also broaden the base of such meta-studies. 
Discussion of the Topic Modelling Results
In this study, topic modelling enabled the authors to fulfill one of the main objectives by identifying clustered topic areas related to organic material resource management. Additionally, topic modelling has shown itself to be a useful tool in checking the quality of the literature collection and co-occurrence methodology results via presenting what potentially unwanted material has been gathered in the literature collection, and by helping to identify what potential connections might be missing in the co-occurrence analysis.
To gain a more clear understanding of the use of these results, one can take the perspective of several actors. A student entering a new interdisciplinary field, such as the bio-based economy, could find these results useful in identifying the multitude of research approaches taken in various corners of the field (e.g. environmental assessments, policy studies, technological optimization studies, innovation studies, environmental management, etc.). Such a student might also identify interconnected fields or processes on the outer boundaries of the system they are studying. The lack of a particular topic may also indicate a research gap. A business analyst for a waste management organization looking to increase their activities in the bio-based economy might use such clustered topic information to map out potential business areas alongside the more common areas (such as waste electronics, plastics, paper, metal, and aggregate recycling). A journal editor in the field could use these results to compare their headline sections with the topics identified across thousands of journals. This might help in identifying areas for new niche sections, or special issues. While this approach can be useful in itself, it is not a replacement for traditional overview methods such as manual macro studies, industry journals, or conference participation. However, we do believe that it can play a role in helping to augment these methods.
Discussion of the Topic Modelling Method
The approach presented in this article is not the only automated means of visualizing the contents of a large body of literature. There are integrated analysis tools enabling summaries of large result lists from broad search queries in both Web of Science and Scopus. However, these tools are limited to general factors such as journal name, broad subject categories, country, document type, etc. Other analysis tools, such as Thomson Innovation's "Patent Themescape" [30] , can perform clustering analysis similar to that of the topic modelling performed in this study. However, such integrated topic modelling is currently limited to a few exclusive services such as Thomson Innovation's patent database.
Discussion of the Co-occurrence Analysis Results
The results showed us that insight that can be extracted from the co-occurrence GUI on macro and more detailed levels. On a macro level, we can see that there is an extremely vast amount of research being performed around the valuation pathways for bio-based waste materials. Several levels of the bio-based economy value pyramid are represented in the visualization circle, from low value/ high throughput TAPs such as incineration, to higher value/ lower throughput TAPs such as cosmetics production.
On the specific waste and TAP levels, one can see a very broad range of resources and processes with co-occur, with an indication of the novelty of this combination. For someone with a particular type of process, this gives a survey of what types of feedstocks could be interesting to explore. For someone with a particular type of waste, this shows which downstream processes may be viable valuation opportunities.
To seek broader feedback on the results of the cooccurrence analysis, the web tool was introduced to 40 undergraduate students at Linköping University studying Industrial Symbiosis. In general, the students found the visualization surprising given the broader than expected array of value pathways presented. The students noted both in person and in an anonymous questionnaire that such a tool showed potential for supporting their studies (especially for projects around environmental technology), and that they found previously unanticipated value pathways quickly through the tool. Their comments also provided several good suggestions for improving the interaction and usability of the online tool (e.g. simplifying the selection of wastes/TAPS by changing the hover selection to click selection and the addition of a search function 13 ). The results of the anonymous questionnaire are provided as supplementary material.
14 This includes responses from the students mentioned, as well as responses from a group of academics from which we solicited feedback.
Discussion of the Co-occurrence Analysis Method
There are three main issues which limit the current analysis: unknown relations between co-occurring terms, the 1 3 completeness of the lists used to filter for co-occurrences, and biases introduced by the co-occurrence metric used.
The co-occurrence analysis only gives us half the picture as what we ultimately want to know are the relationships between the terms. Ideally we expect the relations to be between inputs, outputs and processes, although this can also reflect more complex aspects of the supply chains. For example, a co-occurrence of cattle and ethanol may appear puzzling at first, until one considers that cattle are fed distillers grains which are a byproduct of ethanol production. At a minimum, the co-occurrence gives us evidence that there exists some type of relation between the entities, although further inspection is needed to characterize it.
As mentioned, the lists we created to scan for terms are not meant to be authoritative, but rather to demonstrate the functioning of the method described, and further work can be done to improve these. An issue with the list of TAPs is that while product classification systems such as the CPA [31] do exist, what is lacking is a system for performing entity recognition on the abstracts that is able to link the entities to the corresponding codes.
With the lists of wastes, our method of searching for permutations of terms found in two lists was in some ways too successful and significant efforts had to be taken on de-duplicating variants of terms. Automated methods for this are available to speed up the process, although manual intervention will still be needed to some extent. Ideally, deduplication efforts should feed into the creation of a waste thesaurus which would contain the preferred and alternative names for wastes, in addition to being able to manage different levels of specificity in the terms which are found.
While lists help to pull out relevant entities, they also bias the analysis and prevent the discovery of novel combinations that would not be considered likely. For example, in manually reviewing our literature collection we came across an article where waste from the processing of salmon was used in the manufacturing of transistors [32] . Transistor manufacturing is not traditionally thought to be part of the bio-economy, and therefore is not represented as one of the TAPs in the co-occurrence visualization.
Finally, particular metrics used to evaluate the co-occurrence of terms have their own biases. For example, NPMI favors terms that do not occur in the text very often. Terms that frequently co-occur with a wide variety of other terms (e.g. many wastes streams and compost) will have a lower NPMI although they may represent valid combinations. If one simply counts the number of co-occurrences, then that will highlight combinations that are already well known, and it will not be immediately clear if co-occurrences with low frequency are simply happening by chance. Appendix A.5 discusses alternative co-occurrence metrics and links to a spreadsheet where these are used on our data set.
At the point of publishing there are no complete online tools for co-occurrence analysis of bio-based document data available with which to compare. However, similar efforts do exist within the bioinformatics realm, with a notable example being the PubGene project [33] and its Coremine Platform. 15 
Comparison with Traditional Literature Reviews
The methods demonstrated have several key differences from a "traditional" literature review done by hand. While we do not claim that these can replace a traditional review, we believe that they can certainly augment them. Understanding text can require significant domain knowledge, and this is something that computers still struggle with. Topic modelling and co-occurrence analysis are both statistical approaches that help to highlight patterns in the underlying data. There still needs to be a human involved to interpret what these patterns mean, and how, in our case, these patterns can be translated into insights useful for valorization of waste.
As demonstrated, these techniques can quickly process much larger amounts of text than would be feasible by a person. While we did have to spend significant time on the creation of the lists of wastes and TAPs, this was a onetime expense and these lists are available for re-use on new sets of literature.
We would argue that these approaches produce a less biased overview than could be done by a human, who would possess their own interests, perspectives, and background knowledge that would influence their interpretation of the literature One could counter-argue that the cooccurrence analysis is biased based on the lists that we use, however these help us to consistently scan for mentions of items in literature, and these lists could be extended as well based on expert feedback.
The co-occurrence analysis, especially when presented in matrices that are hierarchically clustered, helps us to also to compare which waste streams (or TAPs) have similar properties or applications. Reading across the rows or columns yields indicative profiles for wastes and TAPs, and these profiles are often automatically built up from the numerous literature sources used.
Finally, the co-occurrence analysis helps with the analysis of large numbers of potential combinations of wastes and TAPs. The analysis of such a large permutation space is extremely difficult with literature reviews done by hand.
3
Discussion of the Overall Approach
There are other methods to achieve the overall aims of this study in regards to mapping out pathways for secondary materials in the bio-based economy. Other such methods include keeping up with industry journals and newsletters, reviewing grouped subjects in online encyclopedias, or performing manual literature reviews of a more select set of documents such as case studies and macro studies. One may also conceive other data driven methodologies using, for example, life cycle inventories along with national input output data.
As was shown in the results of this study, there are hundreds of resources to be accounted for in the bio-based economy varying in value and magnitude. Additionally, there are hundreds of processes available to create value from these resources. The approach presented in this article was able to give a very broad overview of these resources and value paths within a limited time, and can be automatically repeated as new literature becomes available. The process can be adapted to several taxonomies of materials and applications. The results arguably give one of the broadest overviews of its kind.
Further Research
There are many potential further activities in the area of modelling and mapping large research areas via the methodologies presented. Further work with other taxonomies, such as product [31] , waste, or industry [34] classifications, would allow for more structured analysis of the materials and industrial sectors involved. Further testing of the use of the outputs in various contexts (for example with a waste management organization, a university student, journal editors, or regional resource networks) would help to verify and improve the methodologies and their intended use cases. Finally, developing the methods to extract information such as environmental consequences, economic data, and volume magnitudes could create added benefits for certain users.
Conclusion
This study aimed to present methods to deal with increasingly information dense research fields as well as to take steps in supporting the growth of bio-based economies via a wide mapping of innovative value pathways for organic wastes and resources. The approach taken was a multimethod process including the collection of a large body of select academic literature, revealing the clusters of topics included in this literature, and running a detailed co-occurrence analysis to locate the intersections of various wastes and TAPs (technologies, applications, and products). As a result, proof of concept approaches for clustering topic areas of focus and mapping the co-occurrence of 473 organic waste materials to a wide range of 228 TAPs were described and analyzed in regard to their effect. The results of the analyses gave a significantly wider overview of the many value path potentials for secondary organic resources being researched in the area than previous meta-studies. The methods have proven to be of interest in their applications; however improvements could be made via broader source data, the use of better material and waste taxonomies, and tools for exploring specific results in more detail. The usefulness of results depends on the intended application of the mappings, and is seen as especially interesting for integrated systems engineers, academics with various interests, and perhaps regional authorities.
